Fluid intelligence is the capacity to solve novel problems in the absence of task-specific 13 knowledge, and is highly predictive of outcomes like educational attainment and 14 psychopathology. Here, we modelled the neurocognitive architecture of fluid intelligence in 15 two cohorts: CALM (N = 551, aged 5 -17 years) and ). We 16 used multivariate Structural Equation Modelling to test a preregistered watershed model of 17 fluid intelligence. This model predicts that white matter contributes to intermediate cognitive 18 phenotypes, like working memory and processing speed, which, in turn, contribute to fluid 19 intelligence. We found that this model performed well for both samples and explained large 20 amounts of variance in fluid intelligence (R 2 CALM = 51.2%, R 2 NKI-RS = 78.3%). The relationship 21 between cognitive abilities and white matter differed with age, showing a dip in strength 22 around ages 7 -12 years. This age-effect may reflect a reorganization of the neurocognitive 23 architecture around pre-and early puberty. Overall, these findings highlight that intelligence 24 is part of a complex hierarchical system of partially independent effects. 25 Keywords 26 Working memory, processing speed, fractional anisotropy, watershed model, structural 27 equation modeling 28 Fluid intelligence (g f ) is a core part of human cognition and refers to the capacity to solve 29 novel problems in the absence of task-specific knowledge. It is highly predictive of a number 30 of important life span outcomes, including educational attainment (Primi et al. 2010; Roth et 31 al. 2015) and psychopathology (Gale et al. 2010). Despite years of investigation, however, our 32 understanding of the neurocognitive architecture of g f remains limited. Longstanding debates 33 have considered, for instance, how g f relates to more fundamental cognitive functions such 34 as working memory and processing speed, and how all of these cognitive functions relate to 35 brain structure and function (Kyllonen and
19.40 Note. 1 unspecified medication for NKI-RS, ADHD-medication for CALM 9 Supplementary Methods for task descriptions. Supplementary Figure 1 and 2 show raw 156 scores on all tasks. The tasks modelled here were preregistered for CALM but not matrices of all tasks and white matter tracts modelled. We modelled raw scores for g f and 177 working memory tasks, as preregistered. Raw scores on processing speed tasks were 178 transformed. This step was not preregistered, but found necessary to achieve model 179 convergence to ensure interpretability of scores. First, we inverted response time scores 180 (using the formula y = 1/x) to obtain more intuitive measures of 'speed' for all but the CNB 181 Motor Speed task, for which raw scores were already a measure of speed. Afterwards, we 182 applied a log-transformation to reaction time tasks to increase normality and aid estimation.
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For the CNB Motor Speed task only, we additionally removed values ± 2 SD of the mean (N = 184 6) because the presence of these outliers had caused convergence problems. 185 We modelled the associations between cognition and white matter microstructure using SEM 186 in R (R core team 2015) using the package lavaan (Rosseel 2012). All models were fit using 187 maximum likelihood estimation with robust Huber-White standard errors and a scaled test 188 statistic. Missing data was addressed using full information maximum likelihood estimation. 189 We used SEM Trees to investigate whether the associations among cognitive and neural 190 measures differed with age. SEM Trees use decision tree methods to hierarchically split a 191 dataset into subgroups if parameter estimates differ significantly based on a covariate of 192 interest -in this case age (Brandmaier et al. 2013) . We first ran the watershed model in between working memory and processing speed). All other parameters in each semtree 196 object were set to be invariant across groups to ensure that splits were specific to the 197 parameter of interest. We used a 10 -fold cross-validation estimation method as recommend 198 by (Brandmaier et al. 2013) . For the path from the cingulate to working memory only we 199 used 5 -fold cross-validation because the model did not converge using 10 -fold cross-200 validation. Minimum sample size in age group was set to N = 50 to ensure reliable estimation 201 of standard errors. Note that this choice effectively limited search space for potential splits to 202 ages 6.58 -12.42 years for CALM and 8.08 -15.49 years for NKI-RS.
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Results
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To evaluate the hypotheses generated by the watershed model, we built up the watershed 205 model in steps and carried our comprehensive tests of model fit at each step. First, we 206 assessed the overall fit of our models to the data using the chi-square test, root mean square 12 error of approximation (RMSEA), comparative fit index (CFI) and standardized root mean 208 square residual (SRMR). Good absolute fit was defined as RMSEA < 0.05, CFI > 0.97 and SRMR 209 < 0.05; acceptable fit as RMSEA = 0.08 -0.05, CFI = 0. 95 -0.97, SRMR = 0.05 -0.10 210 (Schermelleh-Engel et al. 2003) . Second, we assessed specific predictions from our models by 211 comparing them to alternative models. Comparative model fit for nested models was 212 assessed using the chi-square difference test. Non-nested models were compared using the To examine the neurocognitive architecture of g f , we started by modelling the cognitive 222 components of the watershed model: g f , working memory and processing speed. Specifically, 223 we fit a three-factor model of cognition ( Figure 3 ) and compared it to alternative 224 measurement models. This approach allowed us to test Hypothesis 1: namely that g f , working 225 memory and processing speed form three separable, albeit likely correlated cognitive factors.
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The Three-Factor Model (Figure 3 ) showed excellent absolute fit for both the CALM and NKI- The Three-Factor Model also showed very good comparative fit for NKI-RS, with a 96.60% Figure 3 for the configuration of different models. Abbreviations: Akaike Information Criterion (AIC),
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Bayesian Information Criterion (BIC), Akaike weight (AIC weight )
245
Overall, these result provide mixed evidence for Hypothesis 1: Even though working memory, 246 processing speed and g f were highly correlated in both samples (Table 4) , processing speed 247 formed a clearly separable factor from working memory and g f in both samples. Working and 248 g f , however, were clearly separable only in NKI-RS, but not CALM, suggesting greater 249 similarity between g f and working memory in the CALM sample. To facilitate comparison 250 across samples and in accordance with our preregistered analysis plan we nonetheless used 251 the three-factor measurement model ( We next examined the relationships between working memory, processing speed and g f in 257 more detail. Specifically, we fit a SEM including regression paths between working memory 258 and g f, as well as speed and g f, to test Hypothesis 2, that working memory and processing 259 speed each predict individual differences in g f . We found that this model showed good 
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To further scrutinize the relationship between g f , working memory and speed, we compared 264 our freely-estimated model to a set of alternative models with different constraints imposed 265 upon the regression paths. First, to test whether working memory and speed each made 266 different contributions, we tested an alternative model in which the paths from processing 267 speed and working memory to g f were constrained to be equal. In CALM (∆χ 2 (1) = 15.53, p < 268 .001), but not NKI-RS (∆χ 2 (1) = 3.25, p = .072), the freely-estimated model fit better than the 269 equality-constrained model, indicating that working memory and speed each made different 270 contributions in CALM but not NKI-RS. Next, we tested whether the freely estimated model 271 fit better than a model in which the path between g f and working memory was constrained to zero. We found that that the freely estimated model fit better for both samples (CALM: 273 ∆χ 2 (1) = 20.77, p < .001; NKI-RS: ∆χ 2 (1) = 12.97, p < .001). In line with our hypothesis, this 274 result indicates that working memory makes a significant incremental contribution to g f . 275 Finally, we tested a model in which the path between g f and processing speed was 276 constrained to zero. This model showed no difference in fit to the freely estimated model for 277 CALM (∆χ 2 (1) = 0.02, p = .875) or NKI-RS (∆χ 2 (1) = 0.04, p = .849). Contrary to our hypothesis, 278 this indicates that there was no clear incremental contribution of processing speed to g f .
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Finally, we inspected standardized path estimates of the freely estimated model to assess the 280 effect seizes of working memory and processing speed. Parameter estimates showed that 281 working memory showed a greater effect on g f than processing speed, particularly in CALM 282 (Table 5 ) even though raw correlations between g f and speed were high in both samples 283 (Table 4) .
284 Table 5 . Regression Path Estimates.
285
Sample
Path Standardized Estimate CALM speed -> g f -0.01, z = -0.16, p = .876 memory -> g f 0.72, z = 7.65, p < .001 NKI-RS speed -> g f 0.06, z = 0.21, p = .208 memory -> g f 0.86, z = 1.81, p = .070
286
Overall these results provide mixed evidence for Hypothesis 2: There was good evidence that 287 working memory and speed made a significant joint contribution to g f , and that working 288 memory made an incremental contribution to g f in CALM. Contrary to our hypothesis, and 289 the watershed model, however, processing speed showed no significant incremental 290 contribution to g f, above and beyond working memory. We explore likely explanations for this 291 finding in the Discussion. Testing for potential confounds 399 We carried out a series of supplementary and non-preregistered analyses to examine 400 whether possible confounders influenced our models. These analyses showed that our 401 findings were robust to the inclusion of covariates such as scanner motion or socio-economic 402 status. They were also robust across genders and participants taking or not taking Speculatively, this pattern of results is consistent with an interpretation of a reorganization of 432 neurocognitive faculties in late childhood, followed by a consolidation of neurocognitive 433 pathways around the onset of adolescence (Johnson 2000 (Johnson , 2011 . Figure 4 and 5) depending on participants' age in years. Our analyses allowed for a maximum 437 of three age splits (and thus four age groups). An absence of a third age split (denoted by '-' 438 in the table), indicates that the SEM tree split only twice, suggesting no further changes in 439 parameter strength after the second split. See Supplementary Figure 7 for a graphical 440 representation of these results. 
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